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Abstract:  We aim to recognize human behavior from image information and to infer a person’s desired goal from a series of
actions. In this paper, we have conducted two types of validation via LLM to infer the purpose of an action from the history
of multiple actions, and one type of validation via VLM to infer the purpose of an action from an image. Through these

verifications, we confirmed that LLM can select the most likely purpose of action from sentences in the history of actions, and
that VLM can roughly infer the purpose of a person’s action from images. Based on the verification results, we proposed a

framework for inferring the purpose of action.
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Fig.1 Norman’s seven-stage theory of action
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Table 1 Result of the first valification
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Fig. 2 Similarity graph of the third valification
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Fig.3 Proposed method
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